CIXE 2 = ot =g X

Journal of Digital Contents Society

Vol. 23, No. 12, pp. 2527-2536, Dec. 2022 M) Check for updates

71Al= AH|#|2 O|O|A|0|A DfATIE X8

rOI'

b AHESO Chel

B g

*S{MOJ RISt AfO|H{E oM E Sm4

Obtaining 3D Spatial Information about People Wearing Masks

from Stereo Images with Different Color Spaces
Taejung Park”

*Associate Professor, Department of Cyber Security/Information Technology and Media Engineering, College of
Engineering, Duksung Women’s University, Seoul 01369, Korea

L =
=l A= e AlF|3 4= 9l Zlo] AR gle] B4l RGB olﬂleﬁ} A Q] A(IR) o] A] & 50] 7158 2~ H H| 2. 7w
2} Al =BG o] 834 mEaaE AHEg AR R st FolXl A7 BHE SAISE AR BG5S BT tiat R dlo]H Al
EdA I FA}E9 1}04 = 7k Al tigk 32k ARE FE3HE H“ﬂ* S =it & = ol A o ThlEk Al 'S
T 7helERe] At o] thE 7] wiito] du] AFEE = o]n ] LR A G| FES vkE HE3 5 glon vpag Ao
g o2 7HA] SHA| = G}, wEba] 2 Aol A= =] dErkd(landmark) S AT 5 gl SarElES A83ke] 7
oju]#] zke] UXH-E Fotalgith ek =nte] gis) 33k A WS AFsE7] 918 Sarg]SE A9k, oF 250,000 el
g3l dolHES A7) 9184 CPU 7|9 §d A2l & 33t om 1 A 1345 7Nk Al 4 A2 58 854
71710l i3 21 93.95%0l @t HolEfolA 32k 715t ABE FET 5 ATt
[Abstract]

This paper presents a solution to calculate positions in three-dimensional space for a stereo camera system that can acquire
RGB and infrared (IR) images at the same time without reliable depth information, for a large-scale image of people gazing at
the specific positions on the screen while wearing a mask. In the camera system dealt with in this paper, since the color spaces
of the two cameras are different, widely used image processing algorithms cannot be directly applied, and various limitations
occur due to wearing a mask. To address this, an algorithm that can capture a specific point of the face was applied to identify
the coincidence point between the two images. This paper also proposes an algorithm for approximating three-dimensional points.
CPU-based parallel processing has been performed to process about 250,000 pairs of data to get three-dimensional geometric
information with success rate of 93.95%, which is sufficient to train an Al-based eye tracking algorithm.
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2) Epipolar Geometry
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1% 3. RGB O[o|X|et IR o[o|X|Z2 FME Clole ME
Fig. 3. Data samples that have both RGB and IR images
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Fig. 5. Results of applying MediaPipe to RGB image
(left) and IR image (right)
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Table 1. Pseudo code for parallel processing to compute
the 3D positions of the left and right eyes in a
large number of IR and RGB image pairs

Algorithm 1: Parallel 3D Eye Position Extractor eye_positions(l, R)

Input:

©2D IR Image Set I = {ij, ...I,} with resolution 1024x1024

® 2D RGB Image Set R= {ry, ...r,} with resolution 1280x720 for m subjects
and p sequences/subject (n =mp)

An image pair (i, 1) has been taken simultaneously with an Azure Kinect
device.

Output:

® 3D Eye Positions (Left and Right) reconstructed for each image pair (ix, 1)

process find_3d_position(ir_point2d, rgb_point2d):
// --- undistort 2d points ---- (A)

undist_ir_2d = undistort(ir_point2d)

undist rgb 2d = undistort(rgb_point2d)

// --- find the closest and the farest 3d points ---- (B)

min_ir_3d = (50*undist_ir_2d.x, 50*undist_ir_2d.y, 50)

max_ir_3d = (14000*undist_ir_2d.x, 14000*undist_ir 2d.y, 14000)
min_rgb_3d = (50*undist_rgb_2d.x, 50*undist_rgb_2d.y, 50)
max_rgb 3d = (14000*undist rgb 2d.x, 14000*undist rgb 2d.y, 14000)

// --- calculate 2 rays ---- (C)
rayl = create_ray(min_ir 3d, max_ir 3d)
ray2 = create_ray(min rgb 3d, max rgb 3d)

// find the closest point ---- (D)
Q=find closest(rayl, ray2)
return Q

end

process find_closest(ray1, ray2):
ty, Sx = solve Equation (7) .
closest = (P, + (T,ltz-&- P,+ ajsﬁ/? or P +at,
return closest

main process eye_positions(I, R):
foreach_parallel(Iy, Ry):

// get 2d eye landmarks on each image using MediaPipe---- (E)
ir_right_eye landmarks, ir_left eye landmarks = MediaPipe(Iy)
rgb_right eye landmarks, rgb_left eye landmarks = MediaPipe(Ry)

// get 3d eye landmark positions
// using landmark pairs on IR and RGB images---- (F)
foreach({left|right} eye 2d landmarks):
3d_landmark_{left|right}_positions
= find 3d position( {leftjright} ir point2d, {left|right} rgb point2d)
3d left eye position =average(3d landmark left positions)
3d_right_eye position = average(3d_landmark_right positions)

return 3d_left eye position, 3d_right eye_position
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Table 2. Reconstructed 3D eye positions of landmark
points on the images shown in Figure 5

Position (mm) Depth

(mm)

3D position of left eye (-30.87, —19.51, 402.22)  402.22
3D position of right eye (29.57, —21.81, 414.38) 414.38

z depth - left eyes (300mm) z depth - right eyes (300mm)
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Fig. 10. Distribution of z-direction depth for each
measurement distance (300mm, 500mm) and left
and right eyes
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Fig. 11. Examples of landmark errors in the latest
research. Left - DECA, right - SynergyNet
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IR image (right)
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Table 3. Ratio of valid data available for training to total

data
Item Number Ratio
# of IR images 259,223 100%
# of RGB Images 259,223 100%
# of Success Cases 243,551 93.95%
# of Failed Cases 15,672 6.05%
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